Semantic parsers critically rely on accurate and high-coverage lexicons. However, traditional semantic parsers usually utilize annotated logical forms to learn the lexicon, which often suffer from the lexicon coverage problem. In this paper, we propose a graph-based semi-supervised learning framework that makes use of large text corpora and lexical resources. This framework first constructs a graph with a phrase similarity model learned by utilizing many text corpora and lexical resources. Next, graph propagation algorithm identifies the label distribution of unlabeled phrases from labeled ones. We evaluate our approach on two benchmarks: WEBQUESTIONS and FREE917. The results show that, in both datasets, our method achieves substantial improvement when comparing to the base system that does not utilize the learned lexicon, and gains competitive results when comparing to state-of-the-art systems.
Introduction
Semantic parsing aims to map natural language sentences into formal meaning representations, e.g., Figure 1 shows an example of semantic parsing. Semantic parsing plays an important role in natural language understanding, and has attracted increasing attention in recent years (Zelle and Mooney, 1996; Wong and Mooney, 2007; Lu et al., 2008; Liang et al., 2011; Kwiatkowski et al., 2011; Krishnamurthy and Mitchell, 2014; Li et al., 2015; Chen et al., 2016; Xiao et al., 2016; Jia and Liang, 2016; Reddy et al., 2016; Liang et al., 2017) .
The performance of semantic parsers critically depends on the quality of lexicon, including accuracy and coverage. Specifically, in order to construct the logical form from a sentence, we first need to learn a lexicon, 1 which contains the mappings from natural language phrases (e.g., "born") to logical predicates (e.g., PlaceOfBirth). From the example in Figure 1 , we can see that lexicon is the foundation of parsing, and lexicon learning plays an important role in semantic parsing.
Traditional semantic parsers are usually domain-specific, which only contains a limited number of logical predicates (Zettlemoyer and Collins, 2005; Kwiatkowksi et al., 2010; Artzi et al., 2014) . In this This work is licensed under a Creative Commons Attribution 4.0 International License. License details: http:// creativecommons.org/licenses/by/4.0/ 1 We follow the lexicon style defined in Berant et al. (2013) . case, the mappings for each predicate can be learned relatively easily from training corpus. Recently, a growing body of research has scaled up semantic parsers to open domain (Cai and Yates, 2013a; Cai and Yates, 2013b; Berant et al., 2013; Krishnamurthy and Mitchell, 2012; Kwiatkowski et al., 2013) , where the number of predicates has increased substantially, making it hard to learn a lexicon with high coverage.
To resolve the lexicon coverage problem, there have been several papers on lexicon learning for semantic parsing. Cai and Yates (2013a) learns lexicons by pattern matching. Berant et al. (2013) learns lexicons by aligning Freebase 2 predicates with relations from ClueWeb 3 , and then the alignments are used as lexicons. However, the lexicon coverage of these alignment-based methods highly depends on entity co-occurrences, and they mostly can only learn predicates which indicating relations between entities. It is still hard to cover all expressions and all predicates using alignment-based methods.
In this paper, we propose a semi-supervised lexicon learning algorithm for semantic parsing, which can increase the lexicon coverage by exploiting easily obtained text corpora and lexical resources. 4 The intuition behind our approach is that similar phrases should map to similar predicates, thus the phrase similarity can be used to propagate known predicate mappings to unknown mappings. For example, assuming we have a seed mapping: "currency" :: currency, and we know "money" is strongly related to "currency", we then can predict "money" should also map to currency. To achieve the above goal,we employ a graph-based semi-supervised learning framework, which learns lexicons not only used the alignments between Freebase and text, but also the semantic relatedness between phrases in the text side. Specifically, we use the abundant lexical resources for high coverage lexicon learning ( Figure 2 shows the difference). There are three main tasks in this process. (1) we need a seed lexicon; (2) we need to measure the similarity between words; (3) we need to smooth the mappings to unlabeled words. For the similarity measure between words, we learn them from large text resources. This similarity plays two roles in our lexicon learning: (1) it is used for label propagation; (2) the similarity is used as a constraint on smoothing. That is, since we assume similar words will map to similar labels, the similarity can then strengthen the correct mapping and weaken the wrong mapping. Once we have seed lexicons and similarities between words, we smooth the lexicon by using a graph-based semi-supervised learning framework.
Figure 2: Example of our approach (the below one) and the previous approach (the above one). The previous approach only utilizes the alignments between text corpora and Freebase. By contrast, our approach further makes use of alignments between text and text. In this way, we can learn wide-coverage lexicon from several labeled lexicon.
The framework of our approach is shown in Figure 3 . First, we make use of Freebase and ClueWeb to gain a coarse lexicon, and then we score these lexicons to gain the seed lexicon for following smooth. Next, we utilize easily obtained text corpora and text resources to learn the wide-coverage lexicon in a graph-based semi-supervised learning framework. Finally, we use the extended lexicon in the semantic parser to evaluate our approach.
We evaluate our lexicon learning algorithm on two benchmark datasets: WEBQUESTIONS and FREE917. The results show that our method can learn lexicon with higher coverage, and enhance the performance of semantic parsing system, especially its recall.
The contributions of this paper can be summarized as follows:
1. We propose a new semi-supervised learning framework for wide-coverage lexicon learning. Different to previous work, our approach can improve the lexicon coverage by further exploiting the easily obtained text corpora and lexical resources.
2. We design a graph-based learning algorithm to learn a wide-coverage lexicon from a seed lexicon.
3. We evaluate our approach on two benchmark datasets. Our system outperforms baseline systems significantly, and achieves competitive results with state-of-the-art systems.
Related Work
Lexicon learning is fundamental for semantic parsing. Traditional semantic parsers usually utilize annotated logical forms to learn the lexicon (Zettlemoyer and Collins, 2005; Kwiatkowksi et al., 2010; Kwiatkowski et al., 2011; Krishnamurthy and Mitchell, 2012; Berant et al., 2013; Krishnamurthy, 2016) . Zettlemoyer and Collins (2005) utilizes the alignment between phrases in sentences and predicates in annotated logical forms, and then assigned a confidence score to each lexical entry. Obviously, these approaches are limited by the annotated data. Recently, many researchers begin to scale up semantic parsers to open domain. Learning high coverage lexicon in open domain requires large amount of annotated data, which is quite expensive even they only use question-answer pairs for supervision. There are several papers that focus on extending the lexicon for open-domain semantic parsing.
Cai and Yates (2013a) first extend the semantic parser to open domains. They utilize pattern matching to extend the lexicon. Specifically, they define knowledge patterns from knowledge bases, and text patterns from a search engine. Then they learn the lexicon based on the assumption that the phrase between two entities may map to the predicate if these two entities are also found under the predicate in knowledge bases. Berant et al. (2013) learn the lexicon by similar idea, but they use annotated ClueWeb corpus as the text side. Besides, they propose what they call a bridge operation, which is in fact a typeshifting which can bring in a predicate using minimum information. Compared to these approaches, our approach not only utilizes the alignments between knowledge bases and text corpora, but also makes use of text corpora and text resources to get the phrase similarity and phrase co-occurrence. In this way, we can learn more lexicon from little seed lexicon. Krishnamurthy (2016) also learned a lexicon for semantic parsing. However, they aim to extend the predicate side as they think the predicates have limited coverage for new sentences. Our aim is to extend the phrase that can trigger the predicates.
Graph-based semi-supervised learning algorithm has been used to resolve the OOV problem in machine translation (Razmara et al., 2013; Saluja et al., 2014; Zhao et al., 2015; Mehdizadeh Seraj et al., 2015) . frame semantic parsing (Das and Smith, 2011) , sentiment lexicon induction (Hamilton et al., 2016) , and morph-syntactic lexicon induction (Faruqui et al., 2016) .
Graph-based Lexicon Induction
Lexicon learning aims to learn the mapping from natural language phrases to predicates in knowledge base. There are three types of lexicons, including entity lexicon (e.g., "city" :: Type.City), unary lexicon (e.g., "barack obama" :: Barack Obama) and binary lexicon (e.g., "born" :: PlaceOfBirth). In most cases entity lexicons are learned using entity linking techniques, therefore we usually only consider unary and binary lexicons in lexicon learning.
In open-domain semantic parsing, it is hard to learn high-coverage lexicon from annotated data for lexicon learning. In this paper, we use the (phrase, predicate) mappings as seeds, then learn new (phrase, predicate) mappings by propagating mapping information through similarities between phrases. Specifically, we propose a graph-based semi-supervised approach to resolve this problem. Our approach makes use of easily obtained text corpora and lexical resources to learn a similarity between words, 5 and then use a graph-based semi-supervised learning framework to smooth the lexicon graph. In this way, we can learn a new lexicon from labeled ones. Our method consists of three main steps:
1. Construct seed lexicon using alignments between Freebase and text corpora.
2. Learn similarities between words using both text corpora and text resources.
3. Learn new lexicon using label propagation.
Seed Lexicon Construction
We propagate information from seed lexicon to unknown ones. However, as we do not have enough annotated logical forms to learn the lexicon, and the number of predicates is too large, It is impossible to hand-make the lexicon, To obtain high-quality phrases mappings for each predicate, we construct the seed lexicon in two steps.
First, we gain a coarse lexicon by aligning Freebase with text corpora, using the lexicon learning methods as the same as Berant et al. (2013) , with a slight difference that we only use unigram. We do this for two reasons: one is that a word (e.g., born) in a phrase (e.g., born in) can trigger a This example shows that we need to score the seed lexicon first. Otherwise, the label propagation will bring more noise to lexicon learning.
predicate (e.g., PlaceOfBirth) if the phrase triggers the predicate. The other is that it is easy to compute the similarity between unigrams. Although this technique will raise more ambiguity, we use an extra feature template to handle this. Next, we select high quality lexicons by scoring each lexical entry. Specifically, we use the lexicon gained in first step to train a semantic parser, and define several features to measure the quality of each lexical entry. After training, we can compute the score for each lexical entry. Since the higher the score of a lexical entry, the better its quality. We pick top K (K=5) lexical entries for each predicates as our seed lexicon. It is important to assign score to each lexical entry in the seed lexicon. As Figure 4 shows if we don't assign score, as there are many incorrect lexical entries in the seed lexicon, and these lexical entries will bring more noise to the lexicon when doing graph propagation.
Graph Construction
We construct a graph over all phrases in the seed lexicons and words which occur in the whole data. Besides, we also consider bridge words, which are both near to labeled node and unlabeled node. There are three types of nodes in the graph (As Figure 5 shows): Labeled nodes represent words in the seed lexicon; unlabeled nodes represent words in the whole data; bridge nodes represent the shared nearest neighbor nodes for the labeled nodes and unlabeled nodes. We use three resources to compute similarity for graph construction. First, we use distributional representations for phrases to compute the similarity. Recently, a fair amount of research has showed that the word vector is quite useful for natural language process, especially for tasks related to similarity. Our purpose is to find similar words for the labeled ones, and label them with the same labels. We use the published word vector (Huang et al., 2012) directly, and use cosine distance for similarity. The second resource we used is paraphrase tables. In this part, we want to utilize paraphrase pairs, like "money" and "currency". We construct these pairs using the Paralex corpus (Fader et al., 2013) . Paralex is a large question paraphrases corpus from WikiAnswers, 6 and each clique questions were tagged as expressing the same meaning by users. Paraphrase pairs in Paralex are word-aligned using standard machine translation methods. We use the word alignments to construct a word table by applying the consistent word pair heuristic to only unigram. This paraphrase tables is suitable for our needs since it focuses on question paraphrases.
The third resource we used is PPDB. Specifically, we use PPDB-2.0 (Pavlick et al., 2015) to calculate the similarity between two phrases by utilizing their scores, which consider many aspects. As we argued before, we only consider single word. So we use the lexical part of PPDB-2.0. Moreover, we pre-process the PPDB dataset by lemming the words. Table 1 shows several nearest neighbor words for the word "currency" from PPDB-2.0.
In fact, we can also use lexicon resources like synset from WordNet, 7 and Allen (2014) has used the VerbNet for learning a lexicon for broad-coverage semantic parsing. However, we find that the synsets for words are almost covered by the resources mentioned before. So we don't use these resources here.
In order to limit the graph size, we consider the top 10 nearest labeled nodes and top 5 nearest bridge nodes for each unlabeled one; for the each bridge node, we consider the top 5 nearest labeled nodes. Moreover, we also consider edges between labeled nodes and labeled nodes.
Finally, the overall similarity score between two given phrases w 1 and w 2 is computed as follow:
Before the final computing, we normalize each similarity score which are obtained using three resources separately. The hyperparameters are turned by development training.
Graph Propagation
Graph propagation is used to propagate the labels from labeled nodes to unlabeled ones by following the graph's structure. This approach is based on the smoothness assumption: similar nodes in the graph have similar labels. This paper utilizes the modified Adsorption algorithm (Talukdar and Crammer, 2009) .
There are three parts in Formula (2), the first part enforces the labels of the seed nodes to keep unchanged. The second part enforces the smoothness, making similar nodes have similar labels. The third part enforces an uniform distribution for the unlabeled nodes. We use the Junto label propagation toolkit 8 for label propagation.
Semantic Parsing with Extended Lexicon
After graph propagation, each unlabeled phrase is labeled with a distribution over the set of predicates. We use SEMPRE (Berant et al., 2013; Berant and Liang, 2015) as our base semantic parser. In order to use the learned lexicon, we add a feature which indicates the final score for each lexical entry. The semantic parser will train on the training data with the learned lexicon as its initial lexicon. Following Berant and Liang (2015) , we also use the feature template that conjoins predicates and content lemmas, and this feature template has been proved very helpful in Berant and Liang (2015) .
Experiments
We evaluate our method on two benchmark datasets: WEBQUESTIONS and FREE917.
Dataset: WEBQUESTIONS dataset (Berant et al., 2013) contains 5,810 question-answer pairs. These questions are collected by crawling the Google Suggest API, and the answers are obtained using Amazon Mechanical Turk. This dataset covers several popular topics and its questions are commonly asked on the web. In our experiments, we use the standard train-test split (Berant et al., 2013) , i.e., 3,778 questions (65%) for training and 2,032 questions (35%) for testing.
The FREE917 dataset (Cai and Yates, 2013a) contains 917 questions, annotated with logical forms. This dataset covers a wide range of domains. One example is "what fuel does an internal combustion engine use". Following Cai and Yates (2013a), we use the original split of the questions into 70% questions (641) to train and 30% questions (276) to test.
Setup:
In our experiments, we use the Freebase Search API for entity lookup in WEBQUESTIONS dataset, and build a Lucene index over the 41M Freebase entities to map entities in FREE917 dataset. We load Freebase using Virtuoso, and execute logical forms by converting them to SPARQL and querying using Virtuoso. We learn the parameters of our system by making several passes (3 for WEBQUESTIONS and 6 for FREE917) over the training dataset, with the beam size (200 in WEBQUESTIONS and 500 for FREE917).
For the similarity computation, we set α = 0.05, β = 0.85. For the parameters in Junto, we set µ 1 = 0.55, µ 2 = 0.44, µ 3 = 0.01, β = 2.
Comparing systems: To evaluate our method, we mainly compare our system (Base + lexicon) to the base system (Base) which does not use the learned wide-coverage lexicon, also to system (Base + bridge) which utilize bridge operator to serve as lexicon (Berant et al., 2013) . We also compare to several nearly published systems, including semantic parsing based system (Kwiatkowski et al., 2013; Berant and Liang, 2015) , information extraction based systems (Yao and Van Durme, 2014; Yao, 2015) , machine translation based systems (Bao et al., 2014) , embedding based systems (Bordes et al., 2014; Yang et al., 2014) , and QA based system (Bast and Haussmann, 2015) . Table 2 and Table 3 provide the performances of all baselines 9 and our method in WEBQUESTIONS and FREE917. From Table 2 and Table 3 , we can see that:
Experimental Results
1. Our method achieves competitive performance: Our system outperforms base system (Base) greatly and gets a better performance when comparing to the base system with a bridge operator (Base + bridge).
2. The learned lexicon has wider coverage than the seed one: Our system obtains higher recall than the Base. By utilizing large amount of text corpora and lexical resources, the extended lexicon improves the semantic parsing system. For FREE917, our system gains the highest recall. This indicates that our lexicon really has wider coverage, especially for dataset with more domains like FREE917.
3. The bridge operation from Berant and Liang (2015) is quite powerful. It can resolve the problem of lexicon coverage to some degree. And our approach, which learns the lexicon directly, can gain a better performance. Table 3 : The results of our system and recently published systems on FREE917.
4. Compared to all baselines, our system gets a competitive recall. This result indicates that our parser can parse more sentences when the lexicon has wider coverage. Interestingly, for WEBQUESTIONS, both the two systems with the highest recall (Bast and Haussmann, 2015; Yih et al., 2015) rely on extra-techniques such as entity linking and relation matching.
In Section 3.1, we normalize the seed lexicon using the unigram for the lexeme. By this way, the final graph for label propagation will not be too large, and it is convenient to compute the similarity between word and word using text corpora and lexical resources. We design some experiments to evaluate the new seed lexicon (unigram for lexeme). Table 4 and Table 5 shows the results. We can see that the system using the new seed lexicon has similar performance to the system using the original seed lexicon.
System
Prec. Rec. F1 (avg) Original seed 40.6 47.5 40.6 New seed 51.0 47.6 40.5 To evaluate the text corpora and lexical resources we used, we also conduct several experiments on WEBQUESTIONS. Table 6 shows the results. We can see that:
1. Only using word vector for similarity computation, the final result is not ideal. We think that the word vector consider many aspects in similarity, and in lexicon learning, what we expect for similarity is paraphrasing.
2. The paraphrase table pairs help a little. We think that is due to we use simple alignment for scoring.
3. The PPDB-2.0 serves quite well, even only use PPDB-2.0 score for similarity computation. We think that the PPDB-2.0 was extracted from paraphrase corpus, so the similar lexicon are almost paraphrase to each other.
4. Using word vector, paraphrase align table pairs and PPDB-2.0 score together achieves the best performance.
Analysis
Our aim is to learn a wide-coverage lexicon for semantic parsing. Our approach utilizes text corpora and lexical resources to extend seed lexicon. Table 7 shows several learned new mappings with the final score from the semantic parser. We can find that after label propagation, we can obtain new lexical entries which can improve the coverage of semantic parser. The results proved our intuition, i.e., the unlabeled phrase maps to the same predicate of its nearest labeled phrases. Table 7 : Several learned lexical entries with un-normalized scores on WEBQUESTIONS dataset.
The learned new lexicon has wide coverage, however, this means the accuracy for the lexicon will be influenced. Berant and Liang (2015) added new lexicalized features (lemmaAndBinary) that connect natural language phrases to binary predicates. For example, given the utterance "What countries have german as the official language?", the predicate for phrase "language" can be Language-spoken and Offical-language. The added feature will conjoin binaries with all content word lemmas. After observing enough examples, the phrase "language" will map to Offical-language when has "offical" as its content, because the feature, which corresponds to "offical" and Offical-language, will be up-weighted. Berant and Liang (2015) have proved this feature is really helpful. In our experiments, we also use this feature. Table 8 shows the ablation test results. We can see that, this feature improves our system greatly, especially for precision. We think that as we only use the unigram as our lexeme for lexical entry, the lexicon has more noise. And the alignments between predicates with content words will help the parser to choose the right lexicon during parsing.
System
Prec. Rec. F1 (avg) Our system -feature 48.0 48.9 41.8 Our system 51.6 59.7 51.2 Manual error analysis To better understand our system, we manually inspected the errors our system made. We found that many errors are due to mistakes in labeling. The rest of the errors are mainly complicate cases, like N-ary predicate (event in Freebase), superlative, temporal clause etc. We argue that more attention should be given to these complicated cases.
Conclusion
In this paper, we make use of low-cost, easily obtained text corpora and lexical resources in a graph-based semi-supervised learning framework to learn lexicon for semantic parsing. Experiments demonstrate that our method improves the semantic parsing system, especially, when the lexicon is not covered in the training data. Our method can learn wide-coverage lexicon for open-domain semantic parsing.
Traditionally, a semantic parser needs a lexicon first, and then parses the sentence in a bottom-up way. For these parsers, the lexicon is extremely important, and it is hard to learn lexicon with high coverage. Currently, some semantic parsers use the knowledge base in advance, and utilize entity linking and relation matching during parsing, and these methods parse the sentence like a top-down way. As the knowledge base is huge, the searching space is usually quite large. In future work, We want to design parsing algorithm which can take advantages from both sides.
